The main objective of this article is to explore the causes of household electricity poverty in Spain from an innovative perspective. Based on evidences of energy inequality across households with different income levels, a quantile regression approach is used to better capture the heterogeneity of determinants of energy poverty across different levels of electricity expenditure. Results illustrate some interesting and counter intuitive findings about the relationship between household income and electricity poverty and the technical sufficiency of quantile regression compared to the blurred results of a standard single coefficient / OLS approach.
INTRODUCTION
Energy poverty and vulnerability are critical issues. According to current research the problem is extensive and even severe in many countries. Recent data available on the EU survey on Income and Living Conditions estimates that around 11% of the EU population were unable to keep their home adequately warm. In the particular case of Spain, where a long and serious economic crisis have deeply deteriorated living conditions for millions of people, some recent reports have alerted about the extent of this problem (see Tirado et al. 2016 ) urging politicians and energy companies to take an active role in the debate.
The main objective of this article is to explore the causes of household electricity poverty in Spain, with a special focus in the impact of household income levels in electricity power expenditure.
The standard analyses of electricity consumption for a given country, region or area, frequently use some average household expenditure ratios that do not fairly represent the whole population they attempt to describe. The average value of energy household spending is not of real interest if different levels of energy consumption are caused, affected or reversed by different factors with different intensity. In this context, electricity poverty, understood as an extreme value of energy relative expenditure, deserves a particular attention. Lessons learnt from empirical exercises aimed to explain electricity household consumption as a whole might not be extrapolated to poorest households and will not be of any particular interest when it comes to determine how to tackle electricity poverty at the household level.
Consequently, the quantile regression emerges as the most suitable technique to perform a fruitful analysis about the explanatory variables of electricity household relative expenditure instead of standard regression. In effect, as will be later shown, estimated coefficients for the main drivers of electric energy household consumption present very different values across different energy relative expenditure quantiles.
The present paper clearly complements the existing literature in this field. Firstly, although there exists a vast literature on the causes of average energy consumption using standard econometrics, a quantile approach is not that common. Additionally, even though the drivers of electricity consumption or saving have received an extensive attention in the economic literature at a cross-country level, there are very few studies specifically related to electricity poverty (or vulnerability) in a developed context and at the household level (see Middlemiss and Gillard, 2015) .
Specific attention to household behaviour and causes of electricity poverty for families is crucial from the policy perspective in a moment where debates about different dimensions of economic and social exclusion have gained momentum in the political arena, even in the context of welldeveloped EU countries. In the age of new technologies and globalization of massive communication, electricity scarcity not only affects basic needs such as heating, freezing food or sanitation, but also hinders access to communication, e-learning activities, e-commerce, …; electricity poverty emerges as a contemporary driver of social inequality.
This article is structured as follows. In the second section, a review of the theoretical and literature background is carried out, highlighting the main variables and estimation techniques previously used in other texts. In the third section, we summarise some of the advantages of the quantile regression approach in the context of the electricity poverty analysis. In the fourth section, a descriptive analysis of the data is conducted. In the fifth section, the results of quantile regression is exposed and discussed ending with a set of main conclusions. Day et al. (2016) define Energy Poverty as "an inability to realise essential capabilities as a direct or indirect result of insufficient access to affordable, reliable and safe energy services, and taking into account available reasonable alternative means of realising these capabilities". A similar characterisation is used in Bouzarovski and Petrova (2015) : "the inability to attain a socially and materially necessitated level of domestic energy services […] tied to the ineffective operation of the socio-technical pathways that allow for the fulfilment of household energy needs". This broad definition could be applied to all socio -economic spectrum and would be valid either for under developed or well -developed countries; in the case of our study, Spain, "insufficient accessibility" should be understood not as a physical barrier, but as a budget constrain.
DEFINITIONS, THEORETICAL BACKGROUND AND LITERATURE REVIEW

Definition of Energy Poverty/Vulnerability
The term "energy poverty" is then commonly associated with household energy deprivation and commonly used in this sense across EU countries where, in the last years, this problem has gained momentum as part of the political and social debate in a context of spreading inequality. The EU "Third Energy Package" (2014) also uses the term in this sense. source of energy in a household and therefore, the component that better and primarily would capture an energy deprivation household condition. Apart from that reason, we wanted to align our conclusions with public policy issues and, in that sense, electricity poverty has become the public policy standard measure in Spain when it comes to implement aid programs for vulnerable families.
We should admit that the use of "electricity poverty" is explicitly excluding household's energy expenditures for the basic need of heating homes in winter. In order to avoid bias in our analysis, we will always control for substitutive energy expenditures in the household given that, alternative sources of energy extensively used by families in Spain such as natural gas for heating or boiler, may have a clear impact in electricity expenditure. In that sense, including natural gas expenditure as a control variable is also essential in the case of Spain given that temperatures map is quite heterogeneous, to the point that heater devices are almost never used during the whole year in a part of the territory. The Household Budget Survey (HBS) for 2015 shows that more than 33% families have not heating systems at all at their homes. This average percentage varies from 97% in Canary Islands, Ceuta or Melilla, to around 5% in central regions or 50% in southern coastal areas.
UK was pioneer in facing this problem, and from early 1996 established some help mechanisms for people expending in household energy more than a fixed percentage of their total incomes (10%). As pointed out in Day et al. (2016) On the other hand, the use of electricity as the pivot variable to identify energy vulnerability is especially suitable for Spain because of the widespread use or air conditioning during the hot Spanish summer. While some authors consider that issues related with cooling households are not essential and should not be included in the "Energy poverty" term, other authors disagree (see Harrison and Popke, 2011 for example) . The effects of extremely high temperature in labour conditions, health, and quality of life are obvious, and the access to AC devices should be explicitly considered in terms of "energy poverty".
For the case of France, maybe more similar to the Spanish case (where heating is not always the main problem), the definition of "energy precariousness" is "a person encountering 'particular difficulties in their accommodation in accessing the necessary energy supply to satisfy basic needs, due to inadequacy of financial resources or of housing conditions" (De Quero and Lapostolet, 2009 ).
As a final caveat, it is worth mentioning that the measures of energy vulnerability or scarcity are commonly addressed by computing energy consumption, but we have to realize that people do not directly demand energy itself but the services provided by electricity or other sources. Families demand energy for washing, cooking, lighting, HVAC, mobility … In view of this observation, some authors have proposed a different focus called Services Approach where the adequate satisfaction of these services will rule the definition of "Electricity Poverty". Essentially, this is like measuring income poverty by looking at material deprivation or affordability of some items thought to be indispensable for people to have a satisfactory standard of living. Unfortunately, it is almost impossible to get detailed household data about energy services available at households.
Measuring electricity poverty: the income effect
There is not a unique consensus definition of how to identify households in energy poverty, but under the idea of high spending / low-income, many authors, European countries experts, and the EC itself (EC, 2010) continue to use the ratio of household expenditure on energy as an unbiased description of energy poverty. For the particular case of electricity, a simple way of estimating energy vulnerability of a family is to examine the ratio between average per capita energy expenditure over family income.
By computing decile's thresholds for this ratio at the national level we can then identify a "at risk of energy poverty household" when the ratio for that household is above 80% or 90% decile threshold (or another similar arbitrary limit such as two times the national median).
Income dynamics are energy expenditure may follow different dynamics and be reactive to different policy measures (Phimister et al. 2015) but the aim of this relative measure is to relate energy poverty with income poverty; the ratio may worsen either if income conditions deteriorate and/or energy expenditure increases (due to changes in prices, temperature or living conditions).
This type of ratio has been criticized because when facing income restrictions, families may adjust their energy expenditure, especially for heating their homes in winter, under the optimum level (Brunner et al. 2012) . Even if this is true for some countries and for some types of energy expenditure, the Spanish data for electricity expenditure do not confirm this idea. Data shown in the table below illustrate that, except for poorest households 1 , total electricity expenditure is quite inelastic to household income levels, supporting the idea of using this standard ratio as our variable of analysis. In effect, per capita electricity demand is around 369 euros for almost all of the revenue trims.
Per capita yearly electricity expenditure by monthly revenue level The reason behind this inelasticity in the Spanish case could be that electricity is used for heating only in a minimum fraction of dwellings, normally located in warm locations; services provided by electricity expenditure are so essential (lighting and plug in devices such as fridge, washing machine, ceramic hubs …) that electrical bill becomes quite difficult to adjust below a certain minimum level. If this hypothesis is true, we can then assume that an increase in the family revenue will not automatically produce an increase in the electricity bill (except for poorest households) but a change in the electricity poverty ratio. It should be remember, at this point, that relationship between income and energy poverty is central in our article: we don't only want to determine the main causes of electricity poverty but to explore differential effects of that factors across different income levels.
Drivers of household electricity poverty
Household energy poverty usually appears as a consequence of a triad of high energy prices, low income and poor energy efficiency of the residence.
Source: Pye et al. (2015) Different variables for these three different areas and intersections are commonly used in the literature. Following this approach, we will also use a four groups classification of explanatory variables that could be related to electricity consumption: In a recent study, Middlemiss and Gillard (2015) carried out an interview among "vulnerable families" in the UK. Based in their qualitative assessment, they found out six categories of variables deeply related with this situation: quality of dwelling fabric, energy costs and supply issues, stability of household income, tenancy relations, social relations within the household and outside, and ill health. The main contribution of this paper, coming from its qualitative interview, is related with their findings in term of private and public efficiency of the strategies to cope with vulnerability.
The connection with electricity consumption is almost obvious for most of the variables included in the previous table.
The geographical context is normally a clear determinant in electricity consumption. In the case of Spain, regional disparities are relevant in terms of climate conditions, but considering that electricity is not commonly used for heating (only around 14% of dwellings according to the Families Budget Survey, 2018) the impact of regional climate may not be very relevant. Nevertheless, regional average electricity consumption shows large heterogeneity across Spain (see table below) suggesting the need of adding a regional dummy indicator as a control variable. This variable would account for other climate conditions such as sunlight hours and, at the same time, would control for other sources of unobserved regional heterogeneity that may bias the rest of coefficients. The variables related to dwelling characteristics and household equipment are of great importance for obvious reasons but, unfortunately, for most of the countries, it is very difficult or impossible to gather homogeneous micro data information at a national level. For the Spanish case, we neither have this type of data, at least for those households whose electricity expending we have explored with the Household Budget Survey (HBS). Our proposal is, at least, to control for building age (disposable at the level of the HBS) as a proxy of several variables related to dwelling infrastructure. We expect that an older dwelling will be associated with a bigger electricity consumption because of a poorer energy efficiency (Santin et al. (2009) Rehdanz (2007) and Vaage (2000)). For the size and type of electrical appliances, family income will probably work as a proxy variable.
Regional electricty consumption per dwelling (MW)
In the group of family status, household size and family composition have been frequently pointed out as very important variables to define energy demand (see Estiri, 2014 or Kelly, 2011 . Some authors have also pointed out an indeterminate effect of tenure in dwellings consumption. Sardianou (2008) or Vaage (2000) found that owner tend to consume more energy than tenants. Conversely, Rehdanz (2007) or Meier and Rehdanz (2010) found negative or no significant effect.
In the group of usage/behavioural variables, some characteristics about the educational skills, gender, nationality and household age structure are englobed. Using similar sets of variables, You and Chen (2013) and Belaid and Garcia (2015) emphasizes the crucial role of personal behaviours in the final electricity consumption. Based in some previous findings (see Summerfield et al, 2010) , these authors verify that household's energy consumption can vary up to three times because of behavioural patterns even sharing similar building characteristics.
About electricity price, 95% of consumers pay the so-called "last resource tariff" in Spain so, in our view, it is not crucial to have a measure about prices using a cross section analysis.
METHODOLOGY
There is a vast literature in estimating the electricity consumption or saving behaviour at the dwelling level but it is not so common to find specific studies about "electricity poverty" or "electricity vulnerability".
The technical or statistical approach used to analyse energy or electricity consumption drivers has been very heterogeneous (see Yue et Al, 2013) . Swan and Urgusal (2009) propose a simple classification of different techniques depending on the initial approach defined by researchers: top-bottom or bottom-up. In both cases, time series analysis of electricity demand is more frequent than cross-sectional data analysis.
From the top-down approach, the macroeconomic optic rules the behaviour of the individual typical consumption. From the bottom-up approach, available temporal and cross-section microdata allows more or less accurate predictions of short-term future consumptions by family units. Concentring in the second one as it is the selected in this paper, frequently authors distinguishes among statistical and engineering techniques. In the first case, they highlight regression, conditional demand analysis, and neural networks as the preferred method to estimate the relations among selected explanatory variables and electricity demand. In the second one, they point out the population distribution, archetype and sampling methods as the most common techniques.
In a recent article, Fumo and Biswas (2015) depict the use of traditional regression analysis in this research area, quite common during last years because of much more micro residential data on energy habits and consumption available. Technological advances for an accurate measurement of electricity consumption per hour partially explains the re-adoption of regression to understand family patterns of spending; even by using simple models we get a reasonable accuracy in short-term forecasting.
Although traditional regression has been the preferred technique to estimate electricity demand, some authors pointed out the difficulties of this approach in capturing the marginal effects at the individual level. The huge and very informative heterogeneity observed in micro data is somewhat ignored when using the traditional regression than mainly focuses the average behaviour (see Kaza, 2010) .
Additionally, a rigid standard regression would normally fail in the presence of heterocesdasticity, frequent outliers, non-normality, non-linearity, non-permanent coefficients for each explanatory variable depending on the relative level of the final electricity consumption.
As is well known, the basic linear regression model rests under the assumptions of GaussMarkov compliance to ensure that the obtained estimators are linear, unbiased, optimal and consistent. These conditions impose on the model the hypotheses of linearity of the mathematical relation; null mean, homoscedasticity and no autocorrelation in the perturbations and strict exogeneity (random perturbations will not be conditioned by the values of the explanatory variables). At the same time, the credible maximum estimate will coincide with the Ordinary Least Square (OLS) estimator only if the random perturbations are distributed as a normal, with zero mean and constant variance.
The proposed framework for making estimates using ordinary least squares in the regression to the usual mean is frequently violated. In the first place, maintaining the same proportionality of response of the explained variable to changes in the explanatory (linearity) does not seem congruent on several occasions. In the subject dealt with in this research, it seems reasonable to think that the response on electricity consumption to, for example, a very high income situation cannot be the same as to a very low income. The economic effort in the first deciles of consumption before a low income is surely much greater than the same in the case of a high income. In other words, covering a minimum electricity cost for low incomes will require a great deal of effort, while it will be practically irrelevant for high incomes.
Second, the hypothesis of homoscedasticity (variance of constant random disturbance throughout the sample) is also frequently violated in the case we are working on. It seems sensible to think that the determinants not expressly included among the explanatory variables, and therefore included in the random disturbance, will be very different if we consider low consumption levels than large consumers.
Thirdly, the hypothesis of normality of resids is violated both empirically (when regressions of cases such as the present are made using ordinary least squares) and theoretically. Again, it is difficult to think of homogeneous behaviour in a highly modulable consumption variable when dealing with low and high consumers. Maintaining the mean as the most probable value is not data driven.
Quantile regression effectively treats the previously defined limitations by relaxing the assumption of normality, although, essentially, its main characteristic consists of providing a different estimate of the coefficients for the different quantiles considered for the variable under study. In our context, this procedure makes full sense if we have reason to believe that the importance of the explanatory variables of electricity consumption is not homogeneous for the different levels of consumption. In this sense, quantile regression emerges as the most appropriate technique to have an accurate and impartial estimate of the effect of explanatory variables for the most vulnerable households.
In the following section, a brief summary of the principles governing quantile regression is provided.
In order to circumvent the lack of adaptation and to take advantage of micro data information we will use Quantile Regression as a better analytical framework for coefficients' estimation.
The quantile regression deals effectively with the limitations previously defined relaxing the assumption of normality but, essentially, its main feature consists in providing different estimation of coefficients for the different quantiles considered for the variable under study. IN our context, this procedure makes complete sense if we have reasons to believe that the importance of the explanatory variables of electricity consumption is not homogeneous for different levels of consumption. In this sense, quantile regression emerges as the most suitable technique to have an accurate and unbiased estimation of the effect of explanatory variables for most vulnerables households.
Briefly, we will summarize the quantile regression method in the next section.
NOTE IN QUANTILE REGRESSION ASUMPTIONS
Shortly, alternatively to the common OLS estimator based on the mean, the quantile regression estimator is based on the same idea, but taking into account the median (or other selected quantile) and minimizing the sum of absolute resids (instead of the sum of square resids).
| − |
As Koenker and Basset (1978) demonstrated, in the above equation, the equal weight of both the left and right sides of the endogenous variable produces an accurate estimate of the median. Therefore, by weighting each tail of the distribution by the desired quantile and minimizing the previous function, we can find the specific coefficients for this any other quantum (call it τ%):
Where the weighted factor ( ):
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In the traditional regression for the mean, the estimated value of the endogenous corresponds to the mean hope conditioned by the set of variables and the explanatory parameters-variables Xβ, resulting in:
Similarly, we can write this expression for quantiles in the following way:
Therefore, we could estimate the coefficients for each quantum using the following expression:
| − |
This expression could be rewritten as follows:
Where is straightforward to observe the process underlying the quantum estimation method. Specifically, it would be a weighted estimation through linear optimization algorithms in which the observations included in the quantile of interest are weighted higher than those that are outside that quantum. Seen differently, an asymmetric weighting would be given to positive and negative errors, allowing the estimation of different parameters for each quantile chosen.
It is also interesting to point out here how the use of absolute values versus the square of traditional regression minimizes the effect of outliers on the parameters estimated by treating them linearly and not "exaggerated" through the square power involved in the OLS estimation.
Another additional advantage of this estimation method is that it allows us to avoid the so-called "Heckman selection bias" (Heckman, 1976) present in many investigations that choose to make multiple estimates using ordinary least squares and plotting the sample by deciles. This sample trimming produces biased parameters, invalidating their later applicability. In the quantile regression, the total sample is always used, although conveniently weighted.
Although Koenker and Bassett (1978) formulated quantile regression in the late 1970s, this technique has not been used very often until recent times. In the past, two issues inhibited its use: the complex minimization algorithm to obtain the coefficients and the weakness of the confidence intervals of the estimated coefficients in the absence of the assumption of normality in random disturbances. Currently, the exponential growth in computational capacity and the ease of avoiding confidence interval problems through the use of bootstrapping techniques have produced an excellent scenario for using this technique without difficulties.
Several authors have addressed the problem of estimating the coefficients confidence intervals in the framework of this "semi-parametric" regression. Hoenker and Hallock (2001) proposed up to five different alternatives for what are known as range inversion intervals. Powell's (1989) estimator, known as the "Sandwich method", determines the covariance of the estimators based on independent and identically distributed errors through sample randomization or bootstraping versions, obtaining results similar to those obtained previously by Hoenker and Hallock (2001) . Through various Monte Carlo experiments, Buchinsky (1995) demonstrates that, in the face of heterocedasticity problems, the method of estimation using randomized subsamples for the calculation of confidence intervals is the most robust. The application of this procedure in very large samples (as is the case of the one we handle in this research) has been proven as specially adjusted. In short, with the current state of the art, contrasting hypotheses of significance is no longer a weakness in the framework of quantile regression.
DATA
We will use the annual Household Budget Survey published by the National Institute of Statistics (INE) for 2015 (last available). This HBS is identical across EU countries so that all they can be latter integrated in a common Eurostat operation.
We decided to focus the analysis at the family level so we merged individual micro data set with families' data set. The total number of observations in each wave is composed by near 21.500 dwellings.
The endogenous variable (percentage of electricity expenditure over total revenues) clearly exhibits a non-normal distribution, and mean and median are fairly distant as the result of a large number of outliers and extreme values. The standard regression on the average appears as a poor instrument when the mean is clearly a poor representation across the sample. Additionally, some bivariate graphs illustrate that, at the bivariate level, the relationship between electricity expenditure and potential explanatory variables is not constant across quantiles for our endogenous variables.
In the survey, the more frequent family is within the interval 2-4 members (32%, 23% and 21% respectively). "Families" with just one member represent around 18% of the sample. Families of six members are present in only 6% of the sample. Literature (and logic) indicate that the larger size of households is related to greater expenditure, but the increase in such expenditure is not proportional to the increase in the number of members. This heterogeneity in the effect of membership on electricity consumption supports the thesis of the behavioural concerns cited above (see Frondel et al, 2017 
RESULTS AND DISCUSSION
It is not surprising that family income emerges as most relevant variable when dealing with this situation. The higher the income, the lower the probability of falling into electrical poverty (the coefficients indicate a reduction of this indicator as income increases). All income cuts are significant in both OLS and quantile regressions. Just by comparing OLS coefficients with the median coefficients (q=0.5) seems easier to show the importance of outliers in defining a biased estimate if OLS parameters are used. As expected, the estimated quantile coefficients for these variables show an increase in the importance of reducing electrical poverty when considering higher values of this indicator: people in the highest part of the distribution of electrical poverty suffer a greater reduction of this situation when considering higher incomes. Non-linearity is fully confirmed by the evolution of these coefficients and the use of OLS estimators produces a systematic bias, and is affected by a problem of heteroscedasticity, so employing the quantile regression methodology proposed here is crucial.
The use of these estimates opens the door to more accurate policies focused directly on direct income support rather than on price reduction. Revenue policies that could be graduated to the desired level taking into account differences in parameters. The same level of reduction need not necessarily be applied for any given income, but can be done in tranches using the same coefficients shown here. Such policies could be applied through personal income tax deductions. If price reduction is the policy measure adopted (as in the recent Spanish Law), it should be assumed that the effect so far estimated would be significantly lower than the real effect because the OLS coefficients have been used. For lower incomes, the reduction by 7.8 percentage points in the electrical poverty indicator marked by the OLS coefficients underestimates the effect of the measure on the population really relevant to it, where said effect is greater than 10 points (80% quantile) or 12 points in the case of the poorest (90% quantile). Therefore, the measure is fully justified and its impact is almost double that estimated when MCOs are used.
Regression Results Indicator 1 of Electricity Poverty
(Endogenous variable: Electricity Expenditure / Total Expenditures)*100
Reference As noted above, the regional effect is extremely important in the characterization of electric poverty in Spain. All regions result in a parameter significantly different from zero when quantile regression is carried out for the poorest deciles, which does not occur using the OLS model. All the Autonomous Communities cut the level of electrical poverty with respect to the one taken as a reference: Andalusia. It is true that this cut is not very important considering the value of the coefficients, but if using the values estimated by OLS we would enter with differences of between 0.11 points to 0.8 percentage points (of lower electrical poverty), using the coefficients of the quantile regression we observe values closer to 1 point of difference in more regions.
Unfortunately, as already mentioned in previous sections, the content of the variable region is, by nature, imprecise, because it probably contains several mixed factors. In any case, the inclusion of the rest of the available control variables (such as income, population density, surface area and ownership of the dwelling, etc.) will probably isolate in this variable almost exclusively the climate factor that we understood to be fundamental in our previous explanations (in both extreme cold and heat conditions). Note that the reference region, Andalusia, is the one that suffers the worst extreme heat conditions in a large number of months per year. Considering these differences, we may have a new mechanism to refine the implementation of the policy of reducing energy poverty also taking into account the geographical nature.
Electricity poverty. Some Quantile Coefficients
Surface Family Size Age of respondent These graphs are useful to highlight once again the important bias that occurs when observing the parameters usually used (the OLS) when the interest is evidently focused on a very specific section of the sample (in our case, the higher quantiles, as the poorest households in terms of electricity). The rest of the graphs can be seen in the annex.
As expected, the type of fuel used to heat the home and/or water in the home is relevant. One point of reduction in poverty is showed when fuels other than electricity are used. It should be borne in mind that, as a basic control variable, the variable "gas-related energy poverty" has been included separately, in such a way that these coefficients we are now talking about would reflect how using fuels other than electricity sharply reduces poverty (almost two points in the poorest households observing the quantile coefficients). This observation leads to the need to leverage investment in more efficient and cheaper heating systems such as gas versus electricity to reduce the electricity poverty gap.
Looking briefly at the rest of the coefficients obtained (without going into the detail of all of them), it does seem interesting to show how, and for example, the housing ownership regime is not significant in the OLS estimation. Conversely, it is in the quantile regressions, where families with rented housing do see their poverty gap slightly reduced with respect to the rest of situations. Perhaps this is related to the excessive stock of typically owned dwellings in Spain, where most families have large mortgages with little capacity to change their instalments during periods of crisis, a differential in families with rented housing who can probably partially readapt their housing expenditure during these periods.
Going to the characteristics of the parameters estimated for the different educational levels, it should be noted that, here, it is interesting to pointing out that these levels are significant for the richest or middle class deciles (from 20% to 50%), but not for the poorest deciles (80% and 90%). This fact would not have been observed considering only the results of OLS (where none of the levels is significant). It is also interesting to comment that the parameters (around the 0.35 points of greatest poverty before any educational level compared to the reference, those without formal education) are always positive and not different among the educational levels.
In short, all of these variables emerge as "red flags" when policy measures are taken to reduce electrical poverty. The effect of policies such as subsidies to change the heating system or income tax reductions for households with property debts should only be targeted at lowerincome households if the aim is to reduce electricity poverty. Measures aimed at reducing consumption (as part of reducing the climate change impact of the use of this source of electricity) should clearly focus on changing the heat source.
CONCLUSIONS
In this article, the crucial issue of the electricity poverty in developed countries has been characterised using the Spanish situation in 2016 as a case study. Although the study of energy poverty has been a common topic in the economic literature, it has been usually focused in the less developed countries case. Because of inequalities emergence and climate issues interest in developed countries, studying this situation is nowadays gaining momentum.
Traditionally, electricity demand and, to some extent, poverty research has been conducted using regression models based on the method of estimating least squares coefficients. Both because the focus of poverty is concentrated on very specific distribution cuantiles and because the impact of some explanatory variables can change drastically if the distribution of the variable is considered, the findings of this article are especially important when considering alternative policy measures to avoid electrical poverty.
In this article, we have shown the crucial differences in the drivers dealing electricity poverty if they are estimated using OLS against Quantile regressors. Clearly, the use of the firsts produces a distorted draw of the reality, making a bad interpretation of the potential effect of public or private stimulus to reduce poverty. 
